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Planning task and learning problem

Planning task Generalized policy
Nn=(D,TI) Op « learn({(Z;, 7}) : |O(Z;)| < Ngrain})
D=(P,A), 7 =(0,s,G). plang (s, G) = (a1,. .., ak)
sC{p(d) |peP, o€ Oarity(p)}- Train on small instances, evaluate on larger

object sets

P: on(X,Y), clear (X), ...
A: unstack(X,Y), stack(X,Y), ...
O ={a,b,c}
so = {on(b,a), clear(b), ...},
G = {on(b,c), on(a,b) }
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Why Transformers are tempting

Plan generation
Planning is naturally sequence-valued:

(So, G) — <al, .. .,ak>.

¢ Transformers are strong sequence
models

But planning input is not text

¢ States and goals are unordered sets
of atoms

¢ Object names serve purely as
identifiers
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PlanGPT: decoder-only plan generation

¢ GPT-2 style decoder-only (<state>)[at ][ truck2](Loct ][ <goal> |

Transformer (o) (Pt ) (Toc2 ) [ <action” )
¢ Input is a linearized state and goal

¢ Output is generated autoregressively
as action tokens

—

decoder-only Transformer }

¢ Objects are randomized into fixed

\d
type-specific vocabularies (1oad (move) (unload )

Strong in-distribution model

PlanGPT is highly effective when test
instances match the training distribution.
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Challenge 1: renaming

Mapping A
cell(0,0) -> p00, cell(1,0) -> p10

Mapping B
cell(0,0) -> v7, cell(1,0) -> v3

Same move, renamed:

move(p00, p10) <+  move(v7,v3)

Combinatorics
|O| objects, |V| names:

VI
(VI =lopn!

Example (Eight cells)

8 40300
(8—8)

equivalent encodings
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Logistics: type-aware names reduce combinations

PlanGPT object encoding
PlanGPT randomizes objects into
type-specific vocabularies:

truck; — truck,, locj — loc,.

Action arguments

Counts: g packages, n trucks, p planes, m

locations. Let N = g+ n+ p + m for generic
object names.

schema type-specific  generic
drive(t, [, 1) nm? N3
fly(a,1,1") pm? N3
load(o, t, 1) gnm N3
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Static object names and extrapolation

VisitAll
Grid cells get names that can reveal structure

P02 P12 | P22 | P32

por | R | P21 | P

Poo | P10 | P20 | P30

static names can encode grid structure

Hard-coded positions
Names or absolute positions create unseen
tokens when the grid grows

Train Test

p00, ...,p22 p30, . ..,p43

¢ p21 encodes position (2,1)

¢ Larger grids introduce unseen names
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Encoder with symmetry-aware objective

Input for decoder
(next token prediction)

~
@PZ@ Transformer Encoder
> Ce L Jm )
at(o1,02) | [l I8 [ el el ek
free(o3)
i [ ]
= (oW | )
N B ) ) e
#@x«&\."
at(09, 08) .. < @
free(ol)
[ seql [at(oL, 02) |[ free(o3) ][ goal-at(oL, o) | --|

| seq2 [at(09,08) ] [ free(o1) [ goal-at(09,02) |-

)

state = {at(b1,roomA), free(left), at-robby(roomA), ...}

®©

goal = {at(bl,roomB)}

[ |
)

(e

BIilE

Readout Module
A4

over token dim

7

MLP

©
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Two architectures

SymTE: value model

[ state + goal atoms ]
Y
{ encoder }

v

{ sum pooling + MLP }

v

%

= in V a5
Top (S, G) argarér'g(rl) op (Say G)

Symmetry-aware loss

Crucial for SymT® convergence

¢

SymTED: plan generator

state + goal atoms }
encoder } y<t

v

causal decoder
+ cross-attention

v

[ next action token ]

Ye = arg max Py(w | y<t, Eg(s, G))
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Applicability filtering: segmented action prediction

Current Blocks state
on(a,b)

on(c,d)

clear(a) clear(c)
on-table(b) on-table(d)

handemp ty
“ n

Raw next-segment scores
prefix: [unstack,...]

After applicability filtering
legal argyp: clear and stacked

next token p  legal?
unstack .28 no
b .24 no
a .21 yes
@ 17 yes
d .10 no

Greedy picks an invalid

continuation.

next token  pgitered
unstack .00
b .00
a 21
c 17
d .00

Next segment after [unstack,a,...] filters to the unique support token b, yielding unstack(a,b).

selected prefix: [unstack, a,
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Regrounding: apply the completed action

Before: s; { encode s;, G } After: s; 1
on(a,b) A holding(a)
on(c,d) [ [ X ] clear(b)
clear(a) clear(c) uns;ac on(c,d)
on-table(b) on-table(d) { [unstack,al } clear(c)
handempty uns ;C e on-table(b) on-table(d)

{ [unstack,a,b] } N

{ apply unstack(a,b) (b1 [d]
A4

encode s;11, G

State update
delete: on(a,b), clear(a), handempty
add: holding(a), clear(b)
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Datasets

Object-based settings

Show symmetry-aware design effectiveness:

4 no static names
¢ one shared object vocabulary

¢ up to 100 objects

Dataset generation

¢
¢
¢
¢
¢

small training instances
full state-space expansion
optimal-policy labels

12h training per configuration

checkpoint: validation coverage, loss

tiebreaker
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Coverage

PlanGPT - Decoder (baseline)

SymTE (ours)

SymTEP (ours)

greedy applicable regrounding greedy greedy applicable regrounding
v validation .00+£.00 .00+.00 .00+£.00 1.00+.00 1.00+.00 1.00+.00 .00+£.00
8 interpolation .56+.16 .56+.16 .00£.00 1.00+.00 1.00+.00 1.00+.00 1.00+.00
0 extrapolation .00+£.00 .00+.00 .00+£.00 .05+.07 .07£.02 .13+.05 .00+£.00
@ validation .00+£.00 .00+.00 .00+£.00 1.00+.00 17+.24 1.00£.00 1.00+.00
_;& interpolation .004.00 44416 .00+.00 .89+.16 .67£.00 1.00+.00 1.00+.00
& extrapolation .00+£.00 .00+.00 .00£.00 .02+.03 .00£.00 .15+.06 .79+.16
= validation .00+£.00 14+.12 .00£.00 1.00+.00 .33£.09 .93+.04 .99+.02
£ interpolation .05+.04 .67+.18 A41+.22 1.00+.00 .87+.01 .99+.01 1.00+.00
S extrapolation .00+£.00 .02+.02 .00£.00 A42+.11 .00£.00 .15+.05 .64+.12
8 validation .004.00 .08+.12 .00£.00 .00+£.00 .00£.00 .00+£.00 .00£.00
& interpolation .07+£.05 .444+.09 .19+.14 .114+.00 .22+.31 .26+.29 .22+.31
:oo extrapolation .00+.00 .00+.00 .00+.00 .00+.00 .00+.00 .00+.00 .00+.00
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Coverage: SymT" greedy

Domain  Split w/o sym. loss with sym. loss
Blocks validation .00+.00 1.00+.00
Blocks interpolation .00+£.00 1.00+.00
Blocks extrapolation .00+.00 .05+.07
Gripper  validation 1.00+.00 1.00+.00
Gripper  interpolation 1.00+.00 .89+.16
Gripper extrapolation .04+.03 .02+.03
Logistics  validation .00£.00 .00£.00
Logistics interpolation .04+.05 .11+.00
Logistics extrapolation .00+.00 .00+.00
VisitAll validation 42+.03 1.00+.00
VisitAll interpolation .80+.09 1.00+.00
VisitAll extrapolation .04+.00 42+.11
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Conclusion

¢ Transforming planning tasks to
sequence-to-sequence problems creates many
symmetries

¢ Symmetries cause combinatorial blowups and
make training harder

¢ This is especially visible for the encoder-only
model

markus.fritzsche@liu.se
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Our contribution: design principles

Symmetry-aware Transformers Atom representation

¢ Same task, same prediction PlanGPT:

¢ No atom positions

¢ Use NoPE instead of learned PE

Ours:
¢ Object names do not matter
at(t1,loc1)|  |in(p1,eD)|  |...
modelg,, (P) = models,, (p(P)) Permutation equivariant attention

at(tl,locl), in(pl,tl)
= in(pl,t1), at(tl,locl)
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Symmetry-aware training for object names

Rename each training sample:

X = (s, G), X' = (p(s), p(G)), W = p(Y).

Lagw = D Jla—d/|?

acAtt
() /(1) 2
Lpia = Z HH[ d] H[d ]”

L= Lpred + Latt + Lnia

X state-goal input

p object renaming

Y target plan or value

«, H attention and hidden states

Intuition

Same task, different names:
¢ same attention structure
¢ same hidden content

¢ same value or renamed plan

2/8



Self-attention: the relevant building block

For token embeddings X e RNXdZ x1 = on(b,a), xp = clear(b), x3 = goal-o
keys
Q = XWo, K=XWk, V=XWy, e ox
o = SOftmaX(QKT/\/d»k) querié{SI = - = D
X;
Att(X) = aV. > 20 [N 15
8 .45 20 .35

Key property
Without positional information, self-attention Each row is a distribution over input atoms.
is permutation-equivariant: reordering tokens

. . This property is useful for sets. Learned
reorders hidden states in the same way. property

absolute positions deliberately break it.
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Appendix: names can leak structure

VisitAll example
Location objects often carry coordinates:

(1,1)
loc-x1-y2 ~ (1,2).

¢ Keeping semantic names makes the

loc-x1-y1
model look better
¢ It can memorize coordinate-like strings

¢ Generalization to unseen grid sizes
becomes ambiguous evidence

We randomize all object names.
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Appendix: experimental setup

¢ Domains: Blocks, Gripper, VisitAll,
Logistics

¢ 12h training per domain/architecture on
A100

¢ Three seeds per configuration

¢ PlanGPT baseline: randomized
type-specific object names

¢ SymT: generic names from a large shared
name set

¢ Types as atoms, e.g., truck(vx)

Objective advantage

Generic names create many equivalent
renamings; the symmetry-aware objective
uses them as signal.

Evaluation splits
¢ validation: slightly larger than training

¢ interpolation: comparable size, distinct
tasks

¢ extrapolation: larger than validation

¢ metric: coverage
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Appendix: decoder

{p(03) = 0.1, p(drop) = 0.01}

MLP

7
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Encoder output
embeddings

+®

plan = pick(b1, roomA, left), move(roomA, roomB), ...
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Appendix: original Blocks example

Initial state

plan

on-table(a)
on(b, a)

on-table(c)
clear (b)
clear(c)

Goal state

/

on(b, c)
on(a, b)

7/8



Appendix: PlanGPT limitations

= PN E

Object assignment equivariance: object names are arbitrary

Information leakage: semantic names can leak structure

Atom order equivariance: |sp|! - |G|! equivalent orderings per assignment.

Learned positional encodings: weak extrapolation to unseen positions
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